This paper presents a simple membrane fouling model intended for use in conjunction with an activated sludge model to form an integrated model of a membrane bioreactor (MBR). It is based on an earlier development of Liang et al. [1] who divided fouling into short-term reversible fouling tantamount with cake deposition and long-term irreversible fouling representing th effects of irreversible particle deposition inside membrane pores. The original model was extended to account for cake detachment, backflushing, and dependency of soluble microbial products (SMP) deposition on permeate flux. The model was identified on two sets of data from two experiments: a short-term flux stepping experiment under fluxes higher from the 'threshold flux' and a long-term filtration experiment under fluxes not exceeding the 'threshold flux'. Additionally, the paper proposes a simple 'pen and ruler' identification method for unique estimation of model parameters based on the information obtained from flux stepping experiments.
Introduction
Fouling is a process in which permeability of a membrane diminishes in time during filtration of solutes and suspensions. Fouling is undesirable in membrane based systems such as MBRs as it incurs costs due to additional energy required to overcome extra pressure during permeate pumping and due to energy and chemicals required for fouling prevention and amelioration. From the point of view of its permanency, fouling is often subdivided into three subcategories: reversible fouling, irreversible fouling and irrecoverable fouling. Reversible fouling is caused by deposition of a mixture of suspended solids, gels, and colloids leading to formation of a cake layer on the membrane surface. Reversible fouling can be limited or even prevented if filtration flux is low and crossflow velocities and/or air sparging rates are high. The effects of reversible fouling are periodically removed by backwashing or relaxation. Irreversible fouling is caused by constriction and blocking of membrane pores by adsorption of dissolved matter and some colloidal matter inside and in the mouths of the membrane pores. This type of fouling is not removed with mechanical means listed above but can be removed by chemical cleaning. Irrecoverable fouling is the type of fouling that can be removed neither by physical nor chemical methods and occurs over long periods. Whilst reversible fouling occurs at the rates of 0.1 to 1 mbar/min in a time-frame of about 10 minutes, the rates of irreversible fouling are within 10 −3 to 10 −1 mbar/min (6-12 month time frame), while the rates of irrecoverable fouling are between 10 −4 to 10
mbar/min and hence irrecoverable fouling develops over years [2] . Since fouling is one of the fundamental processes occurring in membrane-based systems and has impact on the overall operating cost of MBRs for wastewater treatment, inclusion of a fouling model is absolutely necessary for construction of a complete mathematical description of a MBR. Membrane fouling has been researched for decades which resulted in a plethora of membrane fouling models being created and described in scientific literature. These fouling models vary greatly depending on their application, i.e. whether they are intended for design, optimisation, control, aid with understanding, etc., the type of the membrane filtration system being modelled, the number of fouling processes under consideration, modelling approach, and so on. Hence, careful consideration needs to be undertaken whilst selecting an appropriate model for MBR systems from the models available in the literature. Since fouling is just an observable effect of a large number of interacting processes which are often difficult to describe and identify, fouling models are traditionally focused on either a single or a few individual aspects of membrane filtration. For example, Hermanowicz [3] and Chang et al. [4] developed, respectively, two-dimensional (2D) and threedimensional (3D) biofilm models based on the concept of cellular automata. Kim and Liu [5] focused on determination of critical flux of hard sphere suspensions using a Monte Carlo method. Foley et al. [6] modelled the effects of particle polydispersity on specific cake resistance in cross-flow filtration. Zondervan et al. [7] developed a model able to predict the effects of irreversible fouling and chemical cleaning which can be used to optimise chemical cleaning cycle sequence in a MBR. Ye et al. [8] attempted to develop a model which is able to predict the onset of a two-stage transmembrane pressure (TMP) profile in a subcritical filtration of model extracellular polymeric substances (EPS) suspensions. Therefore, although many fouling models can be found in literature, these models may not necessarily be applicable to model MBR systems in conjunction with biological ASM models for the purpose of plant design, optimisation, and model-based operation and control.
Such model needs to be simple, fast to compute, adaptable to various MBR configurations and have a small number of adjustable parameters. These parameters additionally need to be able to be identified from plant design and operational characteristics, directly measured, or computed in model calibration studies based on the measurements taken at the plant (usually inputs and outputs, and sometimes intermediate process measurements). On the other hand, the model needs to provide a desired level of accuracy for a range of operating conditions encountered in real life. In particular, the model needs to be applicable to simulation of three main MBR configurations:
1. Immersed hollow fibre (HF) MBRs which are back-flushed and are equipped with coarse bubble air scouring systems, 2. Immersed flat sheet (FS) MBRs which are usually 'non-backflushable' and are also equipped with coarse bubble air scouring systems, 3. Side stream crossflow (CF) MBRs which are operated under high tangential shear rate and usually are not airsparged.
As a candidate for such a model we chose an earlier published model of Liang et al. [1] . This model provides a reasonable level of prediction accuracy at low computational cost and with minimum amount of effort required for calibration. It is intended specifically for filtration of activated sludge suspensions on microfiltration (MF) and ultrafiltration (UF) membranes operating either as a cross-flow or dead-end process. As shall be described later, the model of Liang et al. [1] was extended by the Authors to additionally represent the originally not addressed processes and phenomena such as backwashing, cake compressibility, particle back-transport due to crossflow velocity (CFV) or air-scouring, and exponential dependency of SMP deposition on permeate flux. This extended model was then successfully identified on two sets of data from two different experiments and proved to be in good agreement with the measurements. A more detailed description of the model is provided below.
Model description
Unlike classical fouling equations that divide fouling into three mechanisms: pore constriction, pore blocking, and cake formation, the model described here divides fouling into just two processes based on their reversibility and dynamics: the fast reversible fouling and the slow irreversible fouling. Both processes are graphically represented in Fig. 1a and are described with two first order ordinary differential equations (ODEs) which describe the rates of change of membrane resistance due to, respectively, irreversible fouling (Eq. 1) and reversible fouling (Eq. 2). As mentioned earlier, the model additionally accounts for cake detachment due to presence of airflow/crossflow (Eq. 5), backwashing (Eq. 6) and flux-dependent SMP deposition (exponential term e b J in Eq. 1).
R t , R m , R i , and R r (m −1 ) denote, respectively, total membrane resistance, clean membrane resistance, membrane resistance due to irreversible fouling, and membrane resistance due to reversible fouling. ) is a specific cake resistance, f r (-) is a fraction of solids contributing to reversible fouling, andṁ r,back (kg m −2 s −1 ) represents back-flux of solids away from the membrane caused by the presence of shear on the membrane surface. In Eq. 5 k r (s −1 ) is the (maximum) cake detachment rate, τ m (Pa) are shear stresses acting on the cake as a result of crossflow velocity (CFV) and/or air bubble flow, λ m is a non-dimensional static friction coefficient and m r (kg m −2 ) is the unit mass of reversible foulant on the membrane surface. Finally, in Eq. 6 τ (s) denotes time, η b (-) is a backwash efficiency, i.e. the fraction of total reversible fouling resistance R r removed in one backwash cycle, t f (s) denotes filtration cycle duration time and superscript j is the number of (current) filtration cycle. The rate of change in membrane resistance due to irreversible fouling (R i ) is proportional to the mass flux of SMP across the membrane, irreversible fouling strength k i and fraction of SMP depositing inside the membrane pores ( f i ), which itself is in an exponential relationship with flux. The rate of change in membrane resistance due to reversible fouling (R r ) is proportional to the net mass flux of solids onto the membrane surface and specific cake resistance α c minus the cake back-transportṁ r,back .
The flux-dependent SMP deposition relationship is based on the finding of Ye et al. [8] who found, through experimental analysis, that the fraction of alginate proteins depositing inside the membrane pores is in an exponential relationship with flux. The authors explained this behaviour with a film theory which describes sorption as a diffusion limited process through a laminar layer forming on the interface (here, the interface between the liquid and the membrane surface). Thickness of the laminar layer under laminar flow conditions, accordingly to the Blasius equation, is inversely proportional to the square root of freestream velocity. Therefore, an increase in membrane flux and thus flow velocity through the membrane pores leads to reduction of the film thickness, which in turn increases diffusion and ultimately sorption of solutes inside the membrane pores.
The cake back-transport rate due to the presence of cross-flow is modelled with Eq. 5 proposed by Nagaoka et al. [9] in which the cake detachment rate (ṁ r,back ) is proportional to the shear stress on the membrane wall (τ w ) and is diminished by the pressure dependent static friction term (λ m ΔP) which describes the combined effects of cake consistency and cake attachment to the membrane surface. Cake removal in backwash periods is considered to be an instantaneous process in which reversible resistance at the beginning of the ( j + 1) th filtration cycle (R r j+1 (τ = 0)) is equal to the fraction of reversible resistance at the end of the previous j th filtration cycle (η b R r j (τ = t f )). Here, it is assumed that η b = 0, i.e. all reversible fouling is removed in each backwash.
Finally, pressure drop across the membrane (ΔP) is calculated from flux J and total membrane resistance (R t ) using Darcy's equation in which the total membrane resistance is the sum of clean membrane resistance (R m ), and resistance due to, respectively, reversible fouling (R r ) and irreversible fouling (R i ).
Since the model represents just the observable behaviour of MF and UF membranes without providing any detailed, mechanistic description of the underlying processes of fouling, hydrodynamic conditions, and fouling control mechanisms it is termed 'behavioural' and it neither falls into the mechanistic nor empirical model category. Due to this 'behavioural' non-mechanistic approach, the range of application of the model is limited to low fluxes below or slightly above the threshold flux and intermediate filtration times or fluxes significantly above the threshold flux and short filtration times in which the membranes do not have the chance to foul substantially. By the term 'threshold flux' the Authors mean in this particular modelling context an approximate and visually defined flux value which divides a region of fluxes for which no perceptual increase in TMP due to either reversible or irreversible fouling can be observed within the observation time-scales and the region in which TMP gradients due to ongoing fouling are observed. The first scenario applies to membrane operation in the, so called, sustainable flux region in which the membranes are operated within economically viable levels of fouling which balance the operating costs with capital costs and the membrane productivity. In the second scenario, the membranes exhibit significant levels of fouling due to operation under fluxes surpassing the threshold flux as well as sustainable flux defined by the operators. An explanation of the notion of 'sustainable flux' and the definition of 'threshold flux' can be found in Field and Pearce [10] . It is also worth mentioning that the model fails to describe some phenomena of membrane fouling such as e.g. the two-stage TMP jump described in Ognier et al. [11] and Ye et al. [8] . However, such conditions should not occur in properly operated and maintained MBR systems and thus do not need to be taken into account.
The model was formulated in MATLAB ® and calibrated on two sets of experimental data. The first data set was obtained from a short-term flux stepping experiment performed on the ITT Sanitaire ® pilot membrane filtration unit with horizontal hollow fibres with a mean pore diameter of 0.1μm. The information gathered in this experiment was used to uniquely identify the model parameters describing reversible fouling, irreversible fouling including its dependency on flux, and solids back-transport. The second set of data covers 640 hours of operation of a submerged pilot MBR plant equipped with vertical hollow fibres of a similar pore size. This data set was used to test how the model will fit the long-term experimental data under sustainable flux where the effects of irreversible fouling can be observed.
Model identification on flux stepping data

Experimental methods
The experiment was performed on a simple filtration cell receiving a sequencing batch reactor (SBR) effluent characterised by low bulk liquid total suspended solids (TSS) concentration and low chemical oxygen demand (COD). Additionally, most of the organic substrates in the effluent were found to be composed of SMP. Low TSS levels mean that multiple flux steps could be carried out in the unit on a single day. This speeded up the experimental procedure and prevented repeated clogging or even permanent membrane damage. Although TSS concentration in the liquid was only around 25 mg L −1 , it was still large enough to produce significant cake buildup on the membrane surface under all fluxes as demonstrated in Fig. 1a and thus to allow the identification of model parameters characterising reversible fouling. Temperature throughout the test remained at 17
• C and the rate of airflow for cake removal was kept at 13 Nm 3 /hr. The membrane was subjected to a range of fluxes ranging from 30 L m
stepped up and down in 5 L m −2 h −1 increments. Filtration under each flux was repeated 3 times and each time preceded by a backwash cycle, as shown in Fig. 1a . The selected range of fluxes and the step size allowed to measure irreversible and reversible fouling under various conditions both below and above the 'threshold flux' 1 . The unit's main operational data is listed in Table 1 .
The model parameters were first adjusted manually in an iterative fashion until a reasonable fit between the model outputs and the experimental data was obtained. It was made sure that the chosen parameters are within the range of values reported in literature to ascertain a realistic initial starting point for the automatic calibration procedure which followed. The final set of parameters that leads to a minimum value of the sum of squared differences between the measurements and the model outputs was obtained by implementing a nonlinear simplex optimisation algorithm of Nelder and Mead [12] . 
Parameter identification procedure and results
This section describes a parameter calibration procedure which can be performed on the data obtained from flux stepping experiments and which allows a unique identification of the model parameters b, α c andṁ r,back and the parameter combination f i k i . The procedure begins with the calculation of pressure gradients at each flux. Pressure gradients in the filtration periods result from the increase of resistance caused by the combined effects of reversible and irreversible fouling, whilst the pressure gradients observed between the ends of consecutive backwashes are attributed only to irreversible fouling. Since, in our experiment, filtration was repeated three times for each flux, the pressure gradient characteristic of a particular flux was calculated as an average of these three values. The obtained pressure gradients for irreversible fouling are then plotted against the flux as shown in Fig. 2a. From Equations 1, 3 and 4 we can obtain the following relationship for TMP increase due to irreversible fouling.
where f i e b J represents the fraction of SMP contributing to irreversible fouling. Since S S MP is kept constant throughout the experiment, Equation 7 has the following form: y = m J 2 e n J , where n represents the sought parameter b in Equation 1 and m is equal to f i μ k i S S MP . Since μ and S S MP are both given, identification of m allows us to find the value of the lumped parameter combination f i k i .
The parameter b and parameter combination f i k i in Equation 7 were identified via nonlinear regression against the pressure gradient vs. flux data obtained from the flux stepping experiment. The data points and the fitted curve are shown in Fig. 2a . Additionally, the same data points were approximated with a simpler function of the form y = m x 2 . This curve is plotted with a blue line and represents a scenario in which SMP deposition is invariant with flux. It is apparent that the simpler model is unable to fit the data points indicating that the fraction of SMP contributing to irreversible fouling indeed changes with flux. Pressure gradients due to reversible fouling are described with the following equation:
which can be derived from Eqs 2, 3 and 4. As in the previous example, the parameters in Eq. 8 were estimated through nonlinear regression. Pressure gradients used for the regression were obtained by subtracting the pressure gradients observed in filtration periods with the pressure gradients caused by irreversible fouling and measured in the previous step. This stems from the fact that pressure gradients in filtration periods are caused by both fouling processes. Eq. 8 is a quadratic polynomial of the form y = m J 2 + n J in which m = μ α c f r X TS S , n = −μ α cṁr,back . Since μ and X TS S are given, α c andṁ r,back can be explicitly calculated from m and n. It was assumed that the rate of cake back-transport remains constant throughout the flux stepping experiment. In theory,ṁ r,back depends not only on the cross-flow velocity but also grows with the amount of cake present on the membrane. This behaviour often manifests itself with concave down pressure curves during cake filtration. However, as the gradients were calculated from the tangents of the curves in the linear parts of the curves and the CFV was kept constant throughout the experiment, this assumption is nevertheless valid. TMP gradient measurements and the fitted curve are shown in Fig. 2b . The parameters identified from both curve-fits are presented in Table 2 . If we look again at the quality of fit for both curves in Fig. 2 we can see that whilst the curve in Fig. 2a fits the data well, the points in Fig. 2b become more scattered and further away from the curve at higher fluxes, where, if we look back at Fig. 1b , TMP measurements get more noisy, possibly due to pump cavitation. Nevertheless, the data scatter corresponding to reversible fouling at higher fluxes did not have a significant detrimental effect on the identification process. If we look at Fig. 1b which shows the measured and predicted TMPs, we can see that the achieved level of calibration, at least visually, is satisfactory. Hence, we have illustrated that the fouling model presented in this paper can be identified with a 'pen and ruler' technique based on the flux and pressure data obtained from flux-stepping experiments without the need for least squares estimation on raw and often noisy pressure and flux measurements. 4. Model identification on long-term filtration data at sustainable flux
Experimental methods
The second experiment was carried out on an immersed MBR pilot plant equipped with vertical hollow fibre polyethersulfone (PES) membranes receiving brewery wastewater. The wastewater was fed with an inlet pump to the anoxic tank, then flowing to the aerobic reactor and finally over a weir into the membrane tank. The permeate was withdrawn from the membrane tank with a permeate suction pump. The plant was equipped with a recirculation pump which reversed the mixed liquor from the membrane tank back to the anoxic zone thus allowing nitrates to be removed through denitrification in the anoxic tank. The variable speed permeate suction pump operated in an automatic fashion and was controlled by a central pilot plant programmable logic controller (PLC) which turned the pump on and off, adjusted the pump speed and direction of flow. The permeate pump periodically operated in reverse mode to perform membrane backwash or an occasional periodic chemical clean with sodium hypochlorite. Such inline chemical cleans can be seen later in Fig. 3 on the results from Calibration 3 & 5. The aerobic tank was aerated with a tubular diffuser aeration system linked to a small compressor. The plant was operating at a the mixed liquor suspended solids (MLSS) concentration of ∼ 10, 000 mg L −1 , hence it was possible to calibrate the model under suspended solids concentrations characteristic of a full scale MBR. For this calibration exercise we have selected a filtration period of 640 hours. The relevant operational data for the plant is listed in Table 3 . The purpose of this model identification was to test the model's predictive power on long-term data sets, i.e. the flux and pressure data able to capture pressure gradients due to irreversible fouling. The identification procedure and the calibrated parameter values are explained below.
Parameter identification procedure and results
Due to lack of information about cross-flow values and almost complete absence of observable cake buildup in the pilot plant, except for Calibration 4 where cake formation did occur (see Fig. 3 ), it was unnecessary to include the back-transport equation (Eq. 6) in the model in this identification exercise. Instead, the mass flux of cake away from the membrane (ṁ r,back ) was made proportional to the unit mass of cake on the membrane (m r ) as in the original paper of Liang et al. [1] . Hence,ṁ r,back = k r m r = k r R r /α c , where k r (d −1 ) denotes the cake detachment rate and m r (kg m −2 ) is the unit mass of cake on the membrane. k r was then used alongside f i × S S MP and α c as a parameter for identification (see Table 5 ). Modelling of flux dependency of irreversible fouling was also not required as the pilot plant was operating at a constant flux of ∼ 19.2 Lmh except for the initial 48 hours where flux was kept at ∼ 17.7 Lmh (see the top plot in Fig. 3 ). The model parameters were identified on pressure and flux measurements collected at regular 2s time intervals. Prior to its use the data was filtered to remove the points associated with backwashing in order to allow just the forward filtration information to be used in the parameter estimation procedure. The time-series data was supplemented with time invariant data representing average MLSS concentration, membrane area and bulk liquid temperature (see Table 4 ). For the purpose of parameter identification the pressure and flux measurements were split into 5 separate data sets (see Fig. 3 ) representing different scenarios (combination of model parameters). The model was then calibrated individually for each data set by minimising the sum of squared differences between model outputs and the measurements with the same nonlinear simplex optimisation algorithm of Nelder and Mead [12] as used in the previous identification. Two parameters were selected for automatic calibration: cake detachment rate (k r ) and SMP deposition fraction times SMP concentration ( f i S S MP ). The SMP deposition fraction f i could not be identified individually due to lack of infor-mation about SMP concentrations in the system. The fouling strength (k i )was neither known nor could be identified due to lack of appropriate measurements, hence the value of 1.1 × 10 16 m kg −1 was adopted after Ye et al. [13] (see Table 4 ). Clean membrane resistance (R m ) was identified from initial TMP at the beginning of the filtration period. The value of specific cake resistance (α c ) was initially manually adjusted to fit the data and kept at a constant value of 4.0 × 10 13 m kg −1 except for Calibration 4 where α c had to be increased to 5.0 × 10 13 m kg −1 in order to match the model outputs to the measurements. The values of all calibrated parameters in each calibration period are listed in Table 5 . Table 5 : Model parameters identified in the long-term calibration experiment in each calibration run. For the purpose of visualisation, the measurements and the model outputs were averaged over a 2-hour time interval. The averaged flux and TMP data together with the model outputs are shown in Fig. 3 . As Fig. 3 indicates, the model performed very well at predicting pressure losses across the membrane for each calibration period. After careful analysis of Fig. 3 we can see that while in Calibration 1, 2, and 4 the pressure loss across the membrane increased over the course of filtration due to progressing fouling, TMP in Calibration 3 and Calibration 5 was found to decrease in time while flux remained constant thus indicating increase in membrane permeability. The reason for this permeability recovery is unknown as very little information about operational conditions in the pilot-plant has been provided. We can only assume that this permeability recovery might have been caused by gradual redissolution of irreversible foulants due to e.g. change of pH in the influent wastewater or as a result of inline dosing of membrane cleaning reagents. It was found that the observed permeability recovery can be represented with a 1 st order exponential decay of the mass of irreversible foulant (m i ) described by Eq. 9 and visualised in Fig. 4 .
where m i (t = 0) = m i,0 (kg m −2 ) is the initial unit mass of irreversible foulant at the beginning of redissolution and m i,ss (kg m −2 ) represents the final steady-state unit mass of irreversible foulant which cannot be further decreased with the applied cleaning methods. τ (h) represents the time constant, i.e. the time m i to decrease to 1/e ≈ 36.8 % of its initial value. Membrane resistance caused by accumulation of irreversible foulants is assumed to be proportional to m i , i.e. R i = k i m i , where, as indicated earlier, k i (m kg −1 ) denotes the SMP (irreversible) fouling strength. If we assume that the chemical cleaning method used to remove the accumulated irreversible foulants is optimum and therefore it is not possible to reduce m i below the values of, respectively, m 
Conclusions
In this paper we presented a simple and easy to identify membrane fouling model based on two first order ODEs representing the rate of change in membrane resistance due to, respectively, irreversible and reversible fouling. For the purpose of unique identification of model parameters we proposed a calibration procedure based on the information that can be obtained from flux stepping experiments. The procedure is straightforward and can be performed easily in the most popular calculation applications including spreadsheets. We also showed that irreversible fouling, i.e. pore constriction, depends exponentially on flux (see Figure 2a) . The model proved to reproduce data from a short-term experiment with fluxes above the threshold flux (i.e. flux stepping experiment) as well as from a long-term experiment on a pilot-scale MBR plant operating at sustainable fluxes. Since the model is simple, easy to calibrate, fast to execute and is able to predict pressure drop across the membrane during under conditions in which no abnormal severe fouling occurs the model seems to be a good candidate for integration with an activated sludge model to form an integrated biological and fouling model of MBR systems.
